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Abstract
Background and objectives: To maintain the competitiveness of U.S. long‐grain rice 
in U.S. and foreign markets, having translucent whole milled grain is critical. An objec-
tive technique to detect grain chalk, opaque areas in the grain, will provide breeders and 
industry with an effective tool for developing low‐chalk varieties or agronomic prac-
tices that reduce chalk occurrence. Two instruments developed at the Center for Grain 
and Animal Health Research, U.S. Department of Agriculture‐Agricultural Research 
Service (USDA‐ARS), a single‐kernel near‐infrared (SKNIR) tube instrument and a 
silicon‐based light‐emitting diode (SiLED) high‐speed sorter, were compared with two 
commercially available imaging instruments, WinSEEDLE and SeedCount used for 
chalk quantification. Three 2‐way chalk classifications were defined for single ker-
nels based on visual inspection: (a) <50% or ≥50% opacity or chalk (modified Grain 
Inspection, Packers & Stockyards Administration [GIPSA]), (b) <10% or ≥10% opac-
ity (10% cutoff), and (c) 100% opacity or 100% translucent (MaxLevel).
Findings: The SKNIR method provided the best classification for the modified 
GIPSA definition with an 82.4% average correct classification (CC), that is, 89% and 
76% for nonchalky and chalky kernels, respectively. The WinSEEDLE had the best 
classification for the 10% cutoff definition, with an 84% CC for nonchalky kernels 
and a 96% CC for chalky kernels. For the MaxLevel definition, average CCs of both 
the SKNIR and SiLED methods were similar, at 93% and 95%, respectively. The av-
erage CCs were lower for both the WinSEEDLE method and the SeedCount method 
at 14% and 58%, respectively. These low CC values are a result of using a threshold 
of 100% for chalky or nonchalky kernels, where a single misclassified pixel within 
the image will cause misclassification. Calibration models developed for both the 
SKNIR and SiLED methods indicate that their classifications were based mainly on 
spectral differences near the adsorption bands for starch, protein, and water content.
Conclusions: All of the instruments can be used to classify chalk, but their level of 
accuracy depends on how chalk is defined.
This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium, provided the original 
work is properly cited.
© 2019 The Authors. Cereal Chemistry published by Wiley Periodicals, Inc. on behalf of Cereals & Grains Association. This article has been contributed to by US Government 
employees and their work is in the public domain in the USA.
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1 |  INTRODUCTION
The occurrence of rice chalk, an opaque area in a rice grain, 
is a major concern in rice‐producing areas worldwide, as 
it negatively affects yield, appearance, milling, cooking, 
and palatability qualities. Rice chalk is a visually observed 
characteristic that consumers and grain processors generally 
perceive as showing that the rice is of lower quality, which 
results in market rejection or a substantial price reduction of 
the rice (Bonifacio & Duff, 1992; Fitzgerald & Resurreccion, 
2009). This is in addition to a reduced harvest yield and de-
creased milled rice recovery (Bautista, Siebenmorgen, & 
Counce, 2009; Xie et al., 2013; Zhao & Fitzgerald, 2013). 
Zhao and Fitzgerald (2013) showed that an ~1% decrease 
in chalkiness resulted in an ~1% increase in head rice yield, 
which illustrates that rice chalk affects both the quantity and 
quality of marketable grains.
The U.S. long‐grain rice industry has recently faced in-
creased grain chalk in its widely grown cultivars, which has 
created challenges for the United States to compete in do-
mestic and international markets (McClung, 2013). Poorly 
packed crystalline regions due to an incomplete accumula-
tion of starch and protein have been attributed to rice chalk 
(Lin et al., 2016), which manifests as an opaque area in either 
the entire grain or a portion of the grain. Rice chalk is af-
fected by both genetics and the growing environment. One 
of the primary goals in rice improvement programs world-
wide has been breeding chalkiness out of rice. The growing 
environment significantly influences the formation of rice 
chalk (Qiao et al., 2011; Tashiro & Wardlaw, 1991). Tashiro 
and Wardlaw (1991) found that damage to kernels due to 
day and night high temperature ranges resulted in (a) white‐
core kernels when day/night temperatures were 27/22°C, 
(b) white‐backed kernels at both 30/25°C and 33/28°C, (c) 
milky‐white kernels at 36/31°C, and (d) opaque kernels at 
39/34°C. Fitzgerald and Resurreccion (2009) also showed 
that rice chalk increased with high temperature. They re-
ported that from two rice varieties that were studied, the 
yield of marketable rice was zero for the IR8 variety and 
about 60% for the IR60 variety, as high‐temperature treat-
ments resulted in increased chalk. The relatively slow prog-
ress in breeding for low chalkiness reflects the complexity 
of the underlying mechanisms for how rice chalk occurs and 
how rice interacts with the growing environment (Lin et al., 
2016; Liu et al., 2010).
The ability to detect the presence of chalk in individual 
rice kernels is important in the rice trade, rice processing, 
and rice breeding programs. Since rice chalk is a visible 
characteristic, visual inspection has been the process that has 
been used for many years. The definition of a rice kernel's 
chalkiness depends on the objective for which the chalkiness 
determination is being done. For U.S. rice trading, the stan-
dard rice visual reference library used by the USDA‐Grain 
Inspection, Packers & Stockyards Administration (GIPSA) 
Federal Grain Inspection Service (FGIS) defines chalky rice 
kernels as whole or broken kernels, which in their cross sec-
tion contain an opaque white or “chalk‐like” area that encom-
passes 50% or more of the exposed portion (GIPSA, 2016). 
The percentage of chalky kernels in a milled rice lot has a 
more stringent maximum limit in long‐grain rice compared to 
either medium‐ or short‐grain rice (GIPSA (Grain Inspection, 
Packers, and Stockyards Administration) 2009). Long‐grain 
milled rice has a maximum chalky kernel limit of 1% for U.S. 
No. 1 grade rice, while the same grade of medium‐ and short‐
grain rice has a maximum limit of 2%. U.S. No. 4 grade rice 
allows for 6% chalk in long‐grain rice and 8% chalk in me-
dium‐ and short‐grain rice. The limits follow similar patterns 
for the lower grades of rice, U.S. Grade No. 5, 6, and Sample 
grade. The Standard Evaluation System (SES) for measuring 
rice chalkiness, developed by the International Rice Research 
Institute (IRRI), also involves a visual assessment of the per-
cent area of chalkiness using the following SES scale: (a) no 
chalk in kernel = Scale 0 or none, (b) <10% chalk in ker-
nel = Scale 1 or small, (c) 10%–20% chalk in kernel = Scale 
5 or medium, and (d) >20% chalk in kernel = Scale 9 or large 
chalk (Gummert, 2010; Juliano, 1985). To date, the visual 
examination of individual rice kernels for chalk by trained 
personnel continues to be used by GIPSA and the IRRI.
Two commercially available imaging instruments 
(WinSEEDLE and Seed Count) that are capable of quanti-
fying rice chalk were evaluated by Grigg and Siebenmorgen 
(2014). They reported that the WinSEEDLE (Regent 
Instruments Inc.) and SeedCount (Next Instrument Pty Ltd) 
instruments closely approximated mass percentage chalki-
ness results of the FGIS (GIPSA) method for medium grain 
rice, that is, 1.4%, 1.6%, and 2.2% for GIPSA, WinSEEDLE, 
and SeedCount methods, respectively. Their long‐grain rice, 
with a low amount of chalky kernels, was also similar to 
the mass percentage chalkiness approximation of the FGIS 
method, with chalkiness reported as 0.4%, 0.8%, and 1.1% 
Significance and novelty: The SiLED has the capability to process seeds at a high 
rate, and the SKNIR has the potential to measure compositional traits in addition to 
chalk measurements.
K E Y W O R D S
imaging, near‐infrared‐spectroscopy, rice chalk
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for FGIS, WinSEEDLE, and SeedCount methods, respec-
tively. However, their long‐grain rice with a high amount of 
chalkiness showed substantial difference among the meth-
ods with 1.4%, 11.7%, and 7.9% for FGIS, WinSEEDLE, 
and SeedCount, respectively. The authors attributed the 
difference with the FGIS score being due to greater surface 
chalkiness of rice kernels. They reported that for both im-
aging instruments, the number of kernels with chalkiness 
exceeding 50% closely approximated the chalkiness score of 
the FGIS method. Other commercial imaging systems that 
are used or can be modified for measuring rice chalk are the 
Image Rice Scanner and Image Research Software Platform 
(Selgron), the JSE‐II Rice Chalkiness Visualizer (Daji 
Photoelectric Instrument Co., Ltd.), the RN300 Rice Quality 
Analyzer (Kett US), the RN850 Chalky Rice Grain Predictor 
(Kett Ltd.), the Satake RSQ\10A Grain Scanner (Satake), 
the Scanner and Rice/Grain Analyzer Software 6980 (Osaw 
Industrial Products Pvt., Ltd.), the Statistic Analyzer S21 
(LKL Technologia; Agromay Soluciones Tecnicas Sl.), and 
the SC‐K rice grain appearance quality image analysis sys-
tem (Washeng Engineering Co.). With the exception of the 
Image Rice Scanner, where three‐dimensional images of 
single kernels are obtained in free fall, the other instruments 
obtain images of kernels that are randomly spread or placed 
in wells in sample trays on a flatbed scanner. There are also 
several other commercial image analysis software programs 
available, for example, ImageJ and GrainScan (Abramoff, 
Magalhães, & Ram, 2004; Whan et al., 2014). Improved 
image processing methods have improved the measurement 
of rice chalk (Guangrong, 2011; Marschalek et al., 2017; 
Sun, Liu, et al., 2014; Xiaopeng & Yong, 2011; Yoshioka, 
Iwata, Tabata, Ninomiya, & Ohsawa, 2007).
It is evident from past research and the commercially 
available rice chalk measurement technologies that imaging 
has been the focus of research and development efforts in 
rice chalk detection. While chalk is a visible characteristic, 
it has been shown that the chemical compositions of translu-
cent and opaque, or chalky, rice kernels are different (Cheng, 
Zhong, Wang, & Zhang, 2005; Chun, Song, Kim, & Lee, 
2009; Lin et al., 2016; Lisle, Martin, & Fitzgerald, 2000). 
The difference in packing of starch granules in translucent 
and chalky kernels within the grain can cause differences 
in light adsorption (Ashida, Iida, & Yasui, 2009). Based on 
these properties, near‐infrared (NIR) spectroscopy may be 
a potential tool for measuring rice chalk. Two studies have 
looked at the use of NIR spectroscopy for the measurement of 
rice chalk, both of which used bulk rice samples. Delwiche, 
McKenzie, and Webb (1996) used the NIRSystems 6500 vis-
ible/NIR scanning monochromator (400–2,498 nm) for two 
sample set sizes (~100 and ~8 g), which were loaded into ap-
propriate‐size sample cells to determine the transparency of 
the bulk milled rice (SEP = 0.15% transmittance; R2 = .93). 
Sun, Yu, Duan, and Zhu (2014) used the Perten DA7200 
diode array NIR analyzer (950–1,650 nm) for 40 g bulk rice 
samples (SEP = 12.1, 3.29, and 0.026; R2 = .73, .73, and .83 
for percent chalky grains, degree of chalkiness, and transpar-
ency, respectively). The USDA‐ARS, located in Manhattan, 
Kansas, developed instruments that have been used to deter-
mine grain quality characteristics: the single‐kernel near‐in-
frared (SKNIR) tube instrument (Armstrong, 2006) and the 
silicon‐based light‐emitting diode (SiLED) high‐speed sorter 
(Pearson, Maghirang, & Dowell, 2013). The latter was com-
mercialized by National Manufacturing, Lincoln, Nebraska. 
These instruments are capable of single‐kernel analysis, mak-
ing them ideal for applications that benefit from automated, 
nondestructive measurements and the sorting of single grains 
based on visible and compositional measurements.
The objectives of this study were to compare the effec-
tiveness of measuring rice chalk by two instruments devel-
oped by the USDA‐ARS (SKNIR and SiLED), both of which 
are based on spectral measurements in the visible and NIR 
regions. Two commercially available imaging instruments 
(WinSEEDLE and SeedCount) were also evaluated using the 
same sample sets.
2 |  MATERIALS AND METHODS
2.1 | Rice samples
Seventy milled rice samples were obtained from 224 long‐
grain milled rice samples collected by the Dale Bumpers 
National Rice Research Center, Agricultural Research 
Service, U.S. Department of Agriculture, Stuttgart, AR, as 
part of a larger study on rice marketability and competitive-
ness for the USA Rice Federation (McClung, 2013). The 
224 samples consisted of 15 southern US inbred cultivars 
(Antonio, Bowman, CL111, CL142‐AR, CL151, CL152, 
CL162, Cocodrie, Colorado, Francis, Presidio, Rex, Roy J, 
Taggart, and Wells) and three hybrids (XL723, XL729, and 
XL745) grown at six mid‐south locations (Beaumont, TX; 
Crowley, LA; Essex, MO; Harrisburg, AR; Stoneville, MS; 
and Stuttgart, AR) and one long‐grain rice (L206) produced 
in Biggs, CA. Each location had two planting dates, opti-
mum and delayed. Two milled long‐grain rice samples were 
imported from Thailand and Uruguay. All of the U.S. rice 
samples were milled in the same rice milling facility to a con-
sistent milling degree based on NIR assessment. From these 
224 milled rice samples, a subset of 70 representative sam-
ples of the different varieties, growing locations, and planting 
dates was chosen for this study.
Visual inspections of individual kernels from the 70 sam-
ples were done using a 2.75 times magnification OptiVISOR 
#7 (Donegan Optical Co., Lenexa, KS, USA) to obtain at least 
15 rice kernels for each of the six chalk categories, where all 
kernels were (a) 100% nonchalky, (b) 100% chalky, (c) ≤10% 
nonchalky, (d) >10% chalky, (e) <50% nonchalky, and (f) 
≥50% chalky, for a total of 6,300 kernels. The selected ker-
nels were stored in labeled and sealed glass vials (420 vials 
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of 15 kernels each). Representative samples of rice chalk cat-
egories are shown in Figure 1.
These six chalk categories were used for the three chalk 
classification definitions: (a) modified GIPSA, which clas-
sifies kernels as being either <50% opaque (nonchalky) or 
≥50% opaque (chalky); (b) 10% cutoff, which classifies ker-
nels as being either ≤10% opaque (nonchalky) or >10% opaque 
(chalky); and (c) MaxLevel, which only uses kernels that are 
either 100% opaque or 100% translucent with no intermediate 
levels. The 50% cutoff that is used for the modified GIPSA clas-
sification is based on the official definition by GIPSA (2016) 
for chalky kernels as whole or broken rice kernels, which, in 
cross section, contain an opaque white or “chalk‐like” area that 
encompasses 50% or more of the exposed portion. This study's 
assessment of kernel chalk was based only on nondestructive 
visual inspection, and it did not include the destructive cross‐
sectional test that is officially used by GIPSA in order for the 
kernels to remain intact for further analysis. Selected chalky 
kernels were sent to GIPSA for verification of chalkiness using 
the GIPSA official (destructive) grading system. The MaxLevel 
definition was included to provide an indication of how well the 
visible/NIR instruments can distinguish between extreme levels 
of chalk (100% chalky and 100% nonchalky).
2.2 | Instrumentation, data 
collection, and analysis
2.2.1 | USDA‐ARS tube SKNIR
The tube SKNIR instrument, developed at the USDA‐
ARS, Stored Product Insect and Engineering Research 
Unit (SPIERU), Center for Grain and Animal Health 
Research Center (CGAHR), Manhattan, KS, was used to 
collect spectral data of single rice kernels (905–1,686 nm). 
A detailed description of this instrument is provided by 
Armstrong (2006). An automated prototype has shown that 
the SKNIR is capable of scanning about three kernels per 
second and has the potential to measure compositional traits 
(Armstrong, 2014), but it is expensive to build and maintain. 
The spectral data of the 6,300 kernels (70 samples × 6 chalk 
categories  ×  15 kernels/chalk category) were obtained 
by dropping each seed, one at a time, into the instrument 
opening and allowing it to slide down a glass illumination 
tube, which triggered individual spectral collection. For 
samples where there were <15 kernels available for each 
category, randomly picked kernels from that category were 
rescanned as needed. Of the 70 samples, 50 were used to 
develop a discriminant prediction model, while the remain-
ing 20 samples were used as validation test samples. There 
were 750 chalky and 750 nonchalky kernels used to develop 
the prediction models for each of the three classification 
definitions, modified GIPSA, 10% cutoff, and MaxLevel. 
The prediction models for each of the classifications were 
developed using the multivariate analysis method, linear 
discriminant analysis (LDA) NCSS 2007 software (ver-
sion 07.1.19; NCSS). Stepwise variable selection with a 
significance level of 0.05 was used. Spectral wavelengths 
were limited to 950–1,636 nm due to spectral noise at the 
ends, and a standard normal variate (SNV) preprocessing 
was applied. The software provides classification accuracy 
of the reference samples from the prediction model, as well 
as regression coefficients and their associated model wave-
lengths. The chalk classifications of the validation samples 
were predicted using the selected calibration models.
2.2.2 | USDA‐ARS SiLED high‐speed sorter
Pearson et al. (2013) provide a detailed description of the 
SiLED high‐speed sorter developed at the USDA‐ARS, 
SPIERU, CGAHR, Manhattan, KS, which was commercially 
available through late 2018 by National Manufacturing. The 
SiLED can process about 20–30 kernels per second and has 
a simple method for calibration. The instrument is equipped 
with nine sequentially pulsed LEDs of different wavelengths 
(470, 527, 624, 850, 880, 910, 940, 970, and 1,070 nm), and 
it measures the amount of reflected light from a single kernel 
at each wavelength as it passes the sensor in a free fall. The 
LED pulse control, digitizing of the photodiode analog signal, 
F I G U R E  1  Images of visually sorted rice kernels based on the definitions of modified Grain Inspection, Packers & Stockyards 
Administration (≥50% and <50% opaque), 10% cutoff (>10% and ≤10% opaque), and MaxLevel (100% opaque and 100% translucent) for rice 
chalk classification [Color figure can be viewed at wileyonlinelibrary.com]
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signal processing, and classification are all accomplished using 
a microcontroller. Two‐way sorting is achieved using a sole-
noid‐activated air nozzle. The same set of kernels used in the 
SKNIR instrument tests was used for the SiLED high‐speed 
sorter tests. Since the SiLED performs a two‐way classifica-
tion and the calibration is limited to scanning 200 kernels from 
each classification, only 20 samples with 10 kernels per sam-
ple were used to develop the discriminate models (200 chalky 
and 200 nonchalky kernels) for each of the three chalk clas-
sification definitions. The remaining 50 samples (15 kernels/
sample for each of the two classifications) were then used as 
validation test samples (n = 1,500 kernels). During the sorting 
tests, the 15 kernels for each category were run through the in-
strument independently to prevent mixing classifications. The 
number of kernels sorted into each classification was recorded.
2.2.3 | Imaging instruments: WinSEEDLE 
Pro and SeedCount
The WinSEEDLE™ Pro (version 2013b; Regent Instruments 
Canada Inc.) is an image analysis system that uses an opti-
cal scanner with special lighting to capture high‐resolution 
images. These images are then processed to discriminate be-
tween chalky and nonchalky areas in single kernels, based on 
the color space of hue, saturation, and intensity, as defined 
previously by the Dale Bumpers National Rice Research 
Center. The SeedCount digital imaging system uses a flatbed 
scanner and associated software to determine the chalkiness of 
the grains, including the percentage of chalky portions in in-
dividual kernels (Next Instruments Pty Ltd.). The SeedCount 
instrument scans the top of each kernel in the tray. The instru-
ment uses a difference in luminance to determine chalk; how-
ever, since it only scans the top surface, the presence of chalk 
that is not in the viewing area may not be detected. The exist-
ing calibrations for chalk determination were used for both 
of these commercial instruments with the selected threshold 
levels varied based on the chalk definition being analyzed.
3 |  RESULTS AND DISCUSSION
3.1 | Calibration model for the SKNIR 
instrument
Discriminate models were developed from the spectra using 
NCSS ver. 7 software; the wavelengths used in the model are 
shown in Table 1. The selected wavelengths, although they 
varied across the classification definitions, indicated that the 
discrimination was partially based on starch, protein, and 
water adsorption bands. For example, the model wavelengths 
of 1,581 nm for MaxLevel, 1,551 nm for modified GIPSA, 
and 1,596 nm in 10% cutoff corresponded to absorption bands 
for starch including 1,463 nm indicating the discrimination 
of amylose content (Pandiselvam, Thirupathi, & Vennila, 
2016; Shenk, Workman, & Westerhaus, 1992; Williams & 
Norris, 2001). Similarly, the model wavelengths of 1,630 nm 
for MaxLevel, approximately 1,269 and 1,280 nm for modi-
fied GIPSA, and approximately 1,202, 1,280, and 1,631 nm 
for 10% cutoff corresponded to wavelength absorption bands 
for protein (Pandiselvam, Thirupathi, Mohan, & Uma, 2015; 
Shenk et al., 1992; Williams & Norris, 2001). All models 
contained the wavelengths of approximately 1,400–1,415 nm, 
which are associated with a water absorption band. These re-
sults are similar to the findings that starch composition and 
water absorption index differ between chalky and vitreous 
kernels (Kim, Lee, Kim, & Kim, 2000; Lin et al., 2016; Lisle 
et al., 2000; Patindol & Wang, 2003).
3.2 | Calibration model for the 
SiLED instrument
Similar to the calibration models developed for the tube 
SKNIR, three calibration models were developed for the 
SiLED sorter for two‐way classification of chalky and non-
chalky milled rice using nine wavelengths (470, 527, 624, 850, 
880, 910, 940, 970, and 1,070 nm). The discriminant models 
that were generated by the instrument for calibration (Table 2) 
showed acceptable levels of correct classification (CC) accu-
racy across the classification definitions: (a) modified GIPSA, 
81.5% for chalky and 87.5% for nonchalky rice kernels; (b) 
10% cutoff, 85.0% for chalky and 87.5% for nonchalky; and 
(c) MaxLevel, 87.5% for chalky and 99.0% for nonchalky.
3.3 | Comparison of rice chalk 
classifications: Visible/NIR and imaging 
instruments
Table 3 summarizes the classification accuracies of the four 
instruments for detecting different chalk definitions. Also 
shown in Table 3 is the average percentage of chalk in indi-
vidual rice kernels for each of the imaging instruments.
T A B L E  1  Wavelengths used by the SKNIR instrument in the 
discriminant analysis function of the different chalk definitions
Chalk definition Wavelengths, nma
modified GIPSA
<50% or ≥50% opaque
1,154, 1,253, 1,269, 1,280, 1,335, 
1,376, 1,414, 1,470, 1,477, 1,525, 
1,551, 1,554, 1,607, 1,644
10% cutoff
≤10% or >10% opaque
905, 1,083, 1,139 1,162, 1,194, 
1,280, 1,332, 1,406, 1,596, 1,631
MaxLevel
100% Trans−100% opaque
1,218, 1,239, 1,246, 1,269, 1,278, 
1,282, 1,299, 1,312, 1,329, 1,391, 
1,400, 1,581, 1,607, 1,617, 1,630, 
1,686
Abbreviations: GIPSA, Grain Inspection, Packers & Stockyards Administration; 
SKNIR, single‐kernel near‐infrared.
aDetermined by stepwise selection during discriminant analysis. 
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3.3.1 | Modified GIPSA chalk definition
For the 50% cutoff that is set for the modified GIPSA chalk 
definition, which is the cutoff for commercial trade, the 
SKNIR provided the highest average % correct classification 
(82.4%) compared to the SiLED (77.6%), SeedCount (74.3%), 
and WinSEEDLE (66.5%). While the WinSEEDLE pro-
vided the highest correct classification for nonchalky kernels 
(99.2%), it had the lowest correct classification for chalky 
kernels (33.7%). These classification trends for the two imag-
ing instruments are also reflected in the results obtained for 
the percent of chalk present in individual rice kernels. The av-
erage % chalk in milled rice kernels that were sorted as non-
chalky was 12.6% using the WinSEEDLE and 6.7% using the 
SeedCount. At the GIPSA chalk definition cutoff of 50%, the 
amount of chalk in these rice kernels was substantially lower 
and, as such, translated to higher correct classifications. On 
the other hand, the % chalk of the sorted chalky kernels was 
found to be 43.4% using the WinSEEDLE and 52.8% using 
the SeedCount. These averages are only slightly lower than 
or slightly higher than the 50% GIPSA cutoff, which resulted 
in a substantial number of kernels being misclassified by the 
imaging instruments as nonchalky. This prompted further 
investigation into what may be causing the low correct clas-
sification of chalky kernels. Some of the misclassifications 
can be attributed to the manner of kernel presentation to the 
instrument. For example, milled rice kernels with chalk may 
be presented to the instrument on a side where the chalk is 
not imaged and thus misclassified as nonchalky. Other poten-
tial sources of errors were investigated by sending selected 
samples that were poorly classified to GIPSA—Arkansas for 
official (destructive) chalk evaluation. Based on the scores 
provided by GIPSA, another potential source of discrepancy 
in classification may be the presence of surface chalk on sam-
ples, but when the cross sections were viewed, they had a 
translucent center.
T A B L E  2  Projected classification accuracy of the SiLED high‐
speed sorter based on a calibration model developed using discriminant 
analysis
Chalk definition
SiLED chalk prediction model
Number of kernels
Projected classifi-
cation accuracy, %
modified GIPSA
<50% 200 87.5
≥50% Chalky 200 81.5
10% cutoff
≤10% 200 87.5
>10% Chalky 200 85.0
MaxLevel
100% Translucent 200 99.0
100% Chalky 200 87.5
Abbreviations: GIPSA, Grain Inspection, Packers & Stockyards Administration; 
SiLED, silicon‐based light‐emitting diode.
T A B L E  3  Percent correct classification (CC) using the four selected instruments for detecting different chalk definitions
Chalk definition
Chalk determination instruments
USDA‐ARS instruments Commercial imaging instruments
SKNIR SiLED WinSEEDLE SeedCount
No. of 
kernels % CC
No. of 
kernels % CC
No. of 
kernels % CC
% Chalka in 
kernels
No. of 
kernels % CC
% Chalka 
in kernels
modified GIPSA
<50% Chalky 300 89.0 750 95.5 1,065 99.2 12.6 1,065 97.2 6.7
≥50% Chalky 300 75.7 750 59.7 1,065 33.7 43.4 1,065 51.4 47.1
Average   82.4   77.6   66.5       74.3
10% cutoff
≤10% Chalky 300 96.7 750 93.7 1,065 84.1 5.4 1,065 90.9 1.7
>10% Chalky 300 68.3 750 62.4 1,065 95.7 38.3 1,065 71.7 36.7
Average   82.5   78.1   89.9       81.3
MaxLevel
100% Translucent 300 90.3 750 98.5 1,065 28.1 3.0 1,065 96.0 0.6
100% Chalky 300 96.3 750 91.6 1,044 0.0 53.9 1,035 20.4 70.3
Average   93.3   95.1   14.1     58.2  
Abbreviations: GIPSA, Grain Inspection, Packers & Stockyards Administration; SiLED, silicon‐based light‐emitting diode; SKNIR, single‐kernel near‐infrared.
aAverage percent chalk in sample. 
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3.3.2 | 10% cutoff chalk definition
For the 10% cutoff chalk definition, the WinSEEDLE pro-
vided the highest average CC at 89.9% when compared to the 
other instruments, including the SKNIR (82.5%), SeedCount 
(81.3%), and SiLED (78.1%). The SKNIR and SiLED had 
higher CC of nonchalky rice (96.7% and 93.7%, respec-
tively) compared to the other imaging instruments, that is, 
the WinSEEDLE (84.1%) and SeedCount (90.9%). When the 
WinSEEDLE (95.7%) and SeedCount (71.7%) were com-
pared to the SKNIR (68.3%) and SiLED (62.4%), both of 
the imaging instruments had higher CC for chalky kernels. 
The average chalk measured for the ≤10% chalky seeds for 
the imaging instruments was 5.4% (WinSEEDLE) and 1.7% 
(SeedCount), which indicates a good ability to correctly clas-
sify this group. There was a substantial difference in classifi-
cation for the >10% chalky seeds for the WinSEEDLE (95.7% 
CC) and SeedCount (71.7% CC), even though the average 
chalk in these groups was similar (38.3% for WinSEEDLE 
and 36.7% for SeedCount).
3.3.3 | MaxLevel chalk definition
The MaxLevel chalk definition was included for evaluation 
in this study to determine the discrimination ability at the 
maximum possible amount of chalk difference of 100% chalk 
versus 100% nonchalky. While this is not a realistic grading 
situation, it provides the largest contrast between chalky ker-
nels and a baseline for the best possible performance to be ex-
pected for rice that is comprised of a range of chalkiness. The 
SKNIR and SiLED discriminate models both showed high 
CCs, with an average of 93.3% for the SKNIR and 95.1% for 
the SiLED instrument. These results provide an indication 
of the well‐known phenomenon for light to pass through a 
material and be selectively absorbed. The high classification 
accuracies reflected how the NIR light penetration was dif-
ferent for chalky and nonchalky rice kernels.
With an average of 14.1% for the WinSEEDLE and 58.2% 
for the SeedCount, both imaging instruments showed poor 
classification. The MaxLevel chalk definition is not good 
for these types of instruments, as each instrument has to de-
termine whether all pixels within the kernel area are either 
chalky or not. The correct pixel classification is unlikely to 
occur due to edge effects on the image, slight color differ-
ences, or the presence of dust and other particles. This is 
illustrated by the images from the WinSEEDLE instrument 
(Figure 2), which show the original kernels and the areas that 
are defined as chalky (white color) for 100% chalky kernels. 
As such, any kernel that has even a small translucent area 
will not be classified as 100% chalky, and any kernel having 
a speck of opaqueness will not be classified as nonchalky. 
Incorporation of discriminate analysis methods on imaged 
data could improve classification accuracy, as classifications 
would be based on the probability of being in a group instead 
of relying solely on pixel counts.
4 |  CONCLUSIONS
Four instruments (the SKNIR, SiLED, WinSEEDLE, and 
SeedCount) were evaluated for their ability to detect chalk, and 
all four instruments showed good potential for two‐way clas-
sification of chalky and nonchalky kernels, with varying levels 
of accuracy depending on the chalk classification definition.
Both the SKNIR and SiLED instrument chalk classifica-
tions appear to be partially based on differences in starch, 
protein, and water content, whereas the other imaging instru-
ments rely on color differences of pixels and pixel areas. Both 
the WinSEEDLE and SeedCount instruments generally clas-
sified chalkiness similar to that of the SKNIR and SiLED, 
except for the MaxLevel chalk definition, which resulted in 
low correct classifications. These poor classifications are at-
tributed to a very small percentage of pixels not being clas-
sified correctly.
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